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 Hurricane evacuations can be a chaotic experience for individuals involved, but 
researchers have attempted to find patterns in the routes people take. One paper laid out a 
model for predicting route choice based upon features that are different than standard route 
choice influencers. This thesis attempted to evaluate the accuracy of that model by using 
TransModeler modeling software. Using the building blocks of the HEMP project, this project 
compared the new model to the standard model and evaluated the two based upon the ability 
to reproduce real-world results. Interestingly, the two did not come out significantly different 
possibly because the effect size of the increased accuracy of the new model was not large 
enough to be measured partially because the southeastern Louisiana road network does not 







Evacuation scenarios, such as hurricane evacuations, break a lot of the standard 
assumptions about what causes people to travel, where people travel to, what mode they take, 
and what route they take. These changes have led to evacuation scenarios being studied as a 
distinct topic from the more established and traditional travel modeling. The differences 
between the two branches include things like the dynamic and volatile aspect of demand over 
the course of the evacuation. Also, the rarity of specific situations means that travelers do not 
have the ability to learn from previous trips which disrupts the idea that drivers will reach an 
equilibrium distribution on the network.  The demand peaking can also be more intense than 
normal traffic situations leading to greater delays and congestion (Wilmot and Gudishala 2016). 
Additionally, trip patterns in normal urban transportation planning are classified by trip purpose 
whereas evacuation trips are classified by destination type. These different cross-sections 
generate different levels of attraction and trip length frequency diagrams. Lastly, again because 
of rarity, it is difficult to collect data and surveys about hurricane evacuations especially when 
compared to standard urban travel.  
When planning for future scenarios or reacting to a currently developing one, it is 
important for Emergency Managers to understand evacuation route choice, the last stage of 
the four-step process. Being able to predict when and where the traffic volumes will be the 
highest allows for network-altering decisions to be made that allow more people to safely and 




is difficult because evacuations are very complex. They can include millions of people, traveling 
on tens of thousands of miles of roads, and last for several hours or even days (Zhang 2015).  
 
Many different surveys have studied different factors affecting route choice (Dow and Cutter 
2002, Murray-Tuite et al. 2012, Lindell and Prater 2007, Vogt and Sorenson 1992), but so far 
none of them have considered the physical status of the traveler during the evacuation or 
features of the route itself in a route choice model. Since evacuations can involve hours of 
sitting in gridlocked traffic, up to 24 hours in the case of Hurricane Rita, the possibility of 
travelers exhausting their resources before they reach their destination needs to be considered 
(Henk 2011). In many previous evacuations, vehicles have run out of gas while sitting on the 
highway. Post hurricane Gustav evacuation surveys showed that more than ten percent of 
respondents mentioned the difficulty in finding a restroom, and a slightly higher percentage 
mentioned the need for food (Gudishala 2009). Travelers who have previously experienced 
these difficulties or who consider them a possibility might select routes which offer a higher 
level of commercial development along the route. Murray-Tuite and Wolshon (2013) even 
specifically call for further studies which focus on the individual with rule-based simulation 
model studies.  
Once this project is finished the results can be incorporated into the larger Hurricane 
Evacuation Modeling Package (HEMP). HEMP has been designed as a dynamic software 
program that will allow emergency planners to evaluate in real time the outcome of different 




will assist HEMP in becoming an effective tool to better understand the many intricate, moving 
parts involved in a hurricane evacuation.   
 
1.2. Research Objectives 
  The goal of this research is to observe if route choice during the 2005 evacuation from 
hurricane Katrina in New Orleans is best described by the model from Akbarzadeh (2012) where 
drivers consider multiple characteristics of each route or a model that bases driver choice 
entirely on the travel time of the shortest path. In addressing this goal, the following tasks will 
be conducted: 
• Determine the relevant variables along the major evacuation routes out of New Orleans 
and encode that data into the TransModeler network 
• Develop a method which will calculate the route choice of each vehicle using the logit 
model  
• Calculate the vehicle counts dictated by the effects of the proposed route choice  
• Compare the results of that to TransModeler simulations with a simple shortest path 
route and to traffic count data collected from the real-world event 









2. Literature Review 
To understand how this project came about and what methods will be used, it is important 
to create a base of information and then narrow the scope while describing relevant features 
along the way. The model tested will be rooted in Dynamic Traffic Assignment (DTA) modeling. 
DTA assigns time varying flows over a time varying network in a manner that agrees with the 
base assumptions of user equilibrium and the changes made to those assumptions. Because of 
the flexible and responsive nature, DTA is the most widely used method in dynamic network 
modeling (Akbarzadeh 2012).  
 
 The Four Step Process in the Context of Hurricane Evacuations 
Traffic assignment is the last phase of the classic four step transportation planning process. It is 
assumed that first people decide to make a trip. In the case of hurricane evacuations, that 
decision to make a trip is usually tied to the decision to evacuate and made on a household 
level. Other trips types exist such as pre-storm preparations, but they have traditionally been 
overlooked due to their difficulty to capture. Factors that have been found to influence 
evacuation decision are things like a vulnerable population (children, elderly, pets), 
socioeconomic factors (income, education, business ties, etc.) and expected storm damage 
(having window protection, distance from the coast) (Yin 2014). Then new research suggests 
that a destination is chosen usually in conjunction with the mode. These two steps are 




capable of leaving the city for a friend or family member’s house are basically restricted to 
personal vehicles, whereas those who cannot evacuate the city typically move to a shelter by 
means of transit. Because the shelter trips made up only about 1% of choice in US Army Corps 
of Engineers survey after the 2008 Hurricane Gustav evacuation from New Orleans and were 
mostly intra-city trips not subjected to the same influencing conditions as the main trip types, 
they will be excluded from the route choice discussion.  Finally, travelers leaving the city pick a 
route which is the focus of this research. This method of generating trips, creating origins and 
destinations, estimating modal split and then route choice is useful because it produces 
meaningful results in a modular and repeatable manner. Each choice made usually is influenced 
by aspects of the traveler, the trip, the network and the traveler’s information level about and 
perception of all three.  
 
2.1. Route Choice Models  
 2.1.1. Decision Timing 
A. Pre-trip 
Pre-trip models are the classic method for determining route choice. They assume that 
travelers select a path based on travel time information available prior to departure and do not 
alter the route after departure. After one simulation run, it may be determined that initial 
information was incorrect about the optimal route. A second simulation with the updated 
information can help correct these pathing errors. By running through this process until the 




every user cannot improve their route by switching. This concept is known as Wardrop’s 
equilibrium law (Wardrop 1952).  
 The validity of Wardrop’s assumption needs to be questioned though. Especially in 
evacuations, traffic patterns do not match the predictions of an equilibrium condition. Drivers 
often choose their usual route instead of selection the route with maximum utility (Khattak et 
al. 1991).  However, due to the rare and potentially chaotic nature of evacuations, a traveler 
likely does not have a usual evacuation route and their level of information about the network 
and ability to consistently make rational choices are further diminished (Akbarzadeh 2012). 
Attempts to address the inaccuracies in Wardrop’s Equilibrium law have been made by relaxing 
the assumption about route alteration or including more variables other than raw travel time.  
B. En route 
In this model, travelers can switch routes wherever possible. At every node, optimal pathing is 
recalculated, and if a new path has lower cost, the traveler changes. This flexibility allows en-
route models to deal with the higher than average route switching while evacuating indicated 
by 72% of travelers in a stated preference survey (Robinson and Khattak 2010). Another factor 
which could cause rerouting is network hazards due to the evacuation impetus. Pre-choice 
models simply cannot account for roadway flooding or blockage from debris. Additionally, 
travelers are shown to only partially comply with mandatory route choice which additionally 
violates pre-trip routing assumptions (Fu 2015). While this method improves on pre-trip, it is 







Hybrid models refine en-route models by specifying a level of improvement that must exist by 
switching routes to justify the change. This criterion violates equilibrium because travelers will 
not necessarily take the optimal route, but it more accurately represents driver behavior 
because of the inability of evacuees to learn about remote traffic conditions by experience 
since the evacuations are rare events (Pel 2012). The perception of a difference in utility 
required to make the change can be modeled in several ways including fuzzy logic, artificial 
neural networks, and cognitive psychology (Prato 2009).  
 
2.1.2. Criteria  
While the influences of route choice in standard situations have been debated and modeled 
over many years, because of its simplicity travel time had previously always been the deciding 
factor until the 1990s despite the concept of generalized cost being introduced much earlier. 
The monetary cost of travel was combined with the travel time to produce a generalized cost 
(Pursula and Talvitie 1992). This change was a step in the right direction but lead to further 
complications by adding the question, “what is the value of time?” Next a utility function 
replaced cost (Adler 1993). Now, decision-making factors did not have to be measured in 
monetary value, but simply in terms of utility, as undefined as that is. This research will further 
break the UE assumption by incorporating these additional factors into decision making other 
than travel time.  
Recent studies found that in evacuations travelers prefer the Interstate system while 




2008). These two results likely agree since interstates are usually the most familiar routes to 
travel between major cities especially leaving New Orleans. Another examined a factor of 
overlap between the traveler’s trip details and the official prescribed details (Pel 2008). Lastly, 
one survey revealed that drivers were concerned about the need for food and running out of 
gas in the evacuation process (Gudishala 2009). This thesis will attempt to determine how much 
those fears about the need for amenities along the route influences choice by seeing what 




To understand how travelers make choices with alternatives, two different model structures 
exist: utility-based and non-utility based. This review will focus on the utility based given the 
more direct relation to this thesis. 
Utility based models assume that for each possible route a traveler could take, there is a 
value of utility. Travelers compare the routes and select the one with the highest utility. The 
utility value has two components, a deterministic and a stochastic part. The deterministic 
consist of quantifiable values such as travel time and cost while the stochastic portion consists 
of more difficult to measure values such as taste variations, errors, proxy variables, and other 
unobserved attributes. (Ben-Akiva and Lerman 1985). 
 The Logit model is a discrete choice model that assumes that the stochastic portion of 
the utility value is independently and identically distributed (iid) with an extreme value for all 




terms are uncorrelated over alternate routes. Corrections to the base logit structure exist to 
provide alternatives to the deterministic portion of the utility function. Models with this 
correction include C-Logit, Path Size Logit, and Path Size Correction Logit (Prato 2009). The Path 
Size correction serves to improve models where multiple routes travel over the same links. 
Multinomial additions to the base logit model give the ability to have the outcome depend on 
multiple variables, e.g. accommodations/mile in addition to travel time.  
 The logit model is not the only available model though. The Fuzzy Inference System was 
proposed to capture the uncertainty and variability of travelers’ perceptions on the link with 
different information levels. As the traveler information level approaches complete knowledge, 
the FIS will resemble a logit model, but it attempts to be more accurate in the more realistic 
case of lacking traveler knowledge. This claim of higher accuracy has yet not been externally 
validated though (Fu, Liu, and Liang 2015).  
 
2.2. Dynamic Traffic Assignment 
DTA reflects the reality that traffic networks are generally not in a steady state by 
representing time variations in traffic flows and conditions (Henk 2011). This temporal and 
spatial varying nature of traffic especially in relation to a hurricane evacuation cannot be 
captured by static traffic assignment. DTA models also typically provide detailed outputs 







2.2.1. Simulation Based Modeling 
2.2.1.1. Macroscopic  
Macroscopic models look at aggregated vehicle movements across the network. 
Because of the lack of fine detail, they usually take less processing power, but return less 
precise results. Large regional networks have been analyzed using macroscopic modeling, but 
no understanding of bottlenecks and traffic impacts could be gained because of the low 
resolution of the model (Dixit, Montz, and Wolshon 2013).  
2.2.1.2. Microscopic 
Microscopic models exist on the opposite end of the spectrum in that they simulate 
individual vehicles or households and track their behavior. The increased level of specificity 
makes microscopic models more desirable especially as advances in computer technology have 
made complex simulations possible.  
Previous microscopic traffic assignment models have increased the precision of network 
measures of effectiveness during evacuations, but the oversimplified assumptions made about 
traveler behavior have meant that the accuracy of these models was lacking. Agent based 
modeling is a microscopic technique tackles this problem by fleshing out individuals being 
simulated with probabilistically generated behaviors. A collaborative effort between 
researchers from around the world has recently lead to A-RESCUE, a simulator which gives each 
agent a decision on whether to evacuate, pre-evacuation and intermediate activities, 
accommodation type, destination, mode, and departure time (Ukkusuri 2017). By wrapping all 
these granular decisions together with a traffic simulator, A-RESCUE can describe previously 




package was initially demonstrated as a proof of concept agent-based evacuation modeling in 
one hypothetical example in Dade County, Florida (Yin 2014). That paper only predicted 
aggregate flows, but after its success a microscopic traffic flow module was to account for 
vehicle loading, lane changing, car following, and other agent specific behaviors to refine the 
predictions from Yin 2014 (Ukkusuri 2017)  
2.2.1.3. Mesoscopic 
Mesoscopic models sit in between the extremes by dealing with clusters of vehicles at 
once potentially in a cell transmission style. Because of the pattern shifts of traffic that happen 
over large spaces and time, mesoscopic models can be more efficient in capturing the area-
wide traffic flow changes. Some models are also selected sometimes because of ties to older 
networks. Texas Department of Transportation used DynusT’s mesoscopic model to simulate 
evacuations from Houston-Galveston area because that network had already been coded into 
DynaSmart-P, the predecessor of DynusT (Songchitruksa 2012). DynusT also made sense on its 
own because mesoscopic models are more efficient that microscopic over large scales like the 
Greater Houston Area (Henk 2011).  
 Since the year 2000, many different Traffic Assignment-simulation tools have been used 
to study this problem. These software packages include Paramics, Vissim/Visum, DynusT and 
DynaSmart, DynaMIT, CORSim, MATSim, NETVAC, EVAQ, A-RESCUE and TRANSIMS (Murray-
Tuite and Wolshon 2013). However, TransModeler/TransCAD have not been used yet. They 
were selected for this project because of their strong graphic capabilities, built-in programming 
language, synthetic population synthesizer, dynamic traffic assignment capability, and strong 





 In short, hurricane evacuations break many of the standard assumptions about the 
nature of trip making. People travel for different reasons than usual, to different places than 
usual, and taking potentially different routes than usual. This literature review highlights what 
are the standard routing choice models, why they were developed, how are the expressed 
mathematically, and where are they lacking. All these differences combine to create a time-
dependent and potentially chaotic network. Dynamic traffic assignment in microscopic models, 
like what is possible with TransModeler, begin with individual vehicles and working up to a 
network level give the most detailed picture. While this process is the most resource intensive, 






3.1. Predicting Demand   
Given that route choice is the last step in the travel demand estimation process, the 
route choice model requires input from the first three steps to function. First, a synthetic 
population set must be generated from zonal level data, such as TAZ or census block group 
data, a household level database, such as that obtainable from Public-Use Micro Data Samples 
(PUMS), and by using the Iterative Proportional Fitting method to assign households to zones 
(TransCAD Travel Demand Model User Guide). This zoning process led to the creation of 1,038 
origin centroids representing the Greater New Orleans area and 12 destination centroids 
reflecting the destination areas that Akbarzadeh (2012) specified. Once the population 
database was created, a time-dependent sequential logit model (TDSLM) was implemented 
given the regional population and the characteristics of a storm that matched hurricane Katrina. 
The TDSLM estimates evacuation demand for 23 6-hour time periods prior to hurricane landfall, 
but only the last 12 periods were considered in this analysis because that is when the 
evacuation traffic began to differ from standard traffic patterns.  The selection of Hurricane 
Katrina guided choices such as the selection of the evacuation region to be the six-parish area 
which received evacuation orders (Jefferson, Orleans, St. Tammany, St. Bernard, Plaquemines, 
and St. Charles), the destinations chosen, and timeline of things such as evacuation orders in 
the 144 hours prior to landfall. The output of the TDSLM is the evacuation demand over time 
for each of the origins (Gudishala and Wilmot 2012). This data is then supplied to a nested logit 
model to jointly determine mode and destination type choice (Bian 2017) so that each zone has 




these destination types are multiplied by the probability of travelers going to each major city so 
that evacuations by destination type are converted into physical destinations (Cheng 2013). 
These demand matrices were converted from households to vehicles using a conversion factor 
of 1.6 vehicles/household (Gudishala 2010).  Therefore, these matrices specified the number of 
vehicles entering the network at six-hour time intervals over the 6-day period for which the 
study was run, although only the last three days of evacuation were considered in this study. An 
example of an OD demand matrix is shown below in Figure 1.  
 
Figure 1. The OD demand matrix for the final time interval displayed in TransModeler 
 




The final model proposed by Akbarzadeh 2012 and adopted for this thesis has four input 
variables: distance of the route, accessibility of the route, perceived level of service on the 
route, and facility class of the route. 
 3.2.1. Defining the Routes  
The major evacuation routes are shown below. To ensure travelers have enough choices 
to produce meaningful results, the assumption made when defining the routes is that LaDOTD 
has not yet implemented contraflow because that would reduce the number of realistic paths 
per destination travelers can choose to virtually one. In Figure 2 US90 is green, US61 is brown, 
US190 is light blue, I10 is dark blue, I10 to I55 is red, Causeway to I12 is orange, and I10 to I59 is 
pink.  
 







Distance is defined as the length in miles from the origin to the destination. In 
TransModeler, distance is the summation of the length of every link in the path. This variable 
was included because intuitively shorter routes are more appealing than longer ones, especially 
in evacuation scenarios. Travel distance was picked over travel time because the travelers are 
not likely to have reliable information about levels of congestion along the route due to the 
evacuation conditions, but the distance is independent of those things. This value was 
computed natively using TransModeler’s application program interfaces (APIs), the set of tools 
provided by Caliper for interacting with TransModeler’s core components. A C# macro was 
written which accessed the path table file produced by the run which generated the path set 
(described in 3.4) and wrote the Path ID and distance for each path to a .txt file to be imported 
to Excel.   
3.2.3. Accessibility 
Accessibility is the straight-line distance in miles from the origin to the major route. This 
variable represents how easy it is for evacuees to access each major route in their choice set. 
This value was computed by taking the straight-line distance from the origin to the nearest 
point on the major evacuation route. Therefore, every origin has a unique value of accessibility 
for every route. To compute these values, the centroid dataview containing information such as 
latitude and longitude plus the link dataview containing the route tag as well as latitude and 
longitude were exported to Excel. An original Visual Basic program calculated the Euclidean 




was made that distance is only two dimensional (i.e. elevation was ignored), and that, in the 
Greater New Orleans area, 1 degree of latitude is 68.88 miles and one degree of longitude is 
59.953 miles. This process was repeated for each route and each origin. The values were saved 
in a table for later use.   
3.2.4. Perceived Level of Service   
Perceived service grew out of the interaction between two variables, familiarity and 
level of service. In Akbarzadeh (2012), familiarity represented the number of drivers who 
traveled the path every day. This idea targeted the fact that travelers are more likely to choose 
routes they know. Level of Service captured the number of amenities along the route such as 
gas stations and hotels. This variable arose after interviews indicated traveler's concerns about 
things such as running out of gas, needing a bathroom break, or having to stop for the night. 
Because businesses choose to build along routes which have higher levels of average daily 
traffic, a strong correlation was seen between these two variables, so they were combined into 
one. The values of Perceived Level of Service originally calculated by Akbarzadeh (2012) were 
used to better coincide with the model derived by that work. 
3.2.5. Facility Class 
Facility Class is a dummy variable between 0 and 1 that captures travelers stated 
preference for freeways over other types of roads. The values of Facility Class originally 
calculated by Akbarzadeh (2012) were used to better coincide with the model derived by that 





3.3. The Network  
The Network, displayed in Figure 3, was built in TransModeler over a series of months 
by Dr. Ravindra Gudishala in association with Caliper, the developers of TransModeler. It is 
made of centroids which connect to centroid connectors which connect to links which have 
lanes and need lane connectors to cross nodes. Sensors can also be implemented at specific 
locations to collect various types of data about traffic conditions at that location. Upon 
inspection, small additions and alterations needed to be made to the nodes and lane 
connectors at various interchanges and intersections throughout the network to allow vehicles 
to complete their paths. The red dots represent the origin centroids, and the blue dots are all 
other centroids. 
 








3.4. Paths  
3.4.1. Definition of a Path and the Implications 
To generate the set of paths from which to choose, the path table feature of TransModeler 
was used. TransModeler is a path-based simulator meaning that as every vehicle is loaded onto 
the network the exact route that the vehicle will take is established ahead of time and is 
normally unalterable. Being a microsimulator, TransModeler defines a path by listing the ID 
number of every link from the origin link to the destination link. Unfortunately, this link-based 
method of loading vehicles can create irregularities because demand is centroid based. 
Additionally, there exists parameters in centroid connectors called Load Start and Load End. 
These parameters are numbered between 0 and 100 representing all the allowed starting and 
ending positions for vehicles on the origin or destination link (0 being only the very beginning 
and 100 being anywhere from the beginning to the end). These factors combined mean that if a 
link has multiple centroids connected to it or if a centroid is connected to multiple links, the 
way in which TransModeler reports the exact origin centroid to origin link to destination link to 
destination centroid can get fuzzy because it actually reports the closest object when the trip 
begins or ends, not necessarily the one originally specified.  
3.4.2. Generating the Path Set and Path Flow Table 
A simulation was run once for 18 hours of simulated time which corresponded to 48 hours of 
real time loaded with 50 trips in each cell of the OD demand matrix, and vehicles were 
specifically allowed to alter their path in response to high delay. The standard TransModeler 




threshold (UDT) and reroute threshold (RT), both expressed as percentages. The update delay 
threshold is the minimum amount that the experienced delay is must be greater than expected 
delay to trigger vehicles to consider alternative routes, and the reroute threshold is the 
minimum amount that the route being switched to must be faster than the current for it to be 
considered. The UDT and RT were set to 0% and -200% respectively meaning that at every 
instance, vehicles would consider switching to routes which at least half as fast as the current. 
These parameters were set to force TransModeler to find as many alternatives as possible, and 
the values were settled upon after many trial and error runs. After the simulation, the path 
table of the 64389 paths that were created was exported in a .txt file to Excel.  To avoid having 
to implement a path size logit term, the path table was condensed to remove paths that were 
not significantly different. This process involved an original Visual Basic program sorting the 
paths by origin and destination link, scanning each path and identifying the route taken based 
upon the presence of a key link in the path, and pairing each path with the distance calculated 
earlier with the TransModeler APIs. If two paths between a single OD pair took the same route, 
the shortest path by distance was selected. This process removed 52,197 extraneous paths 
leaving 12,192 meaningfully unique paths between 8,462 OD pair combinations. 4,835 OD pairs 
had only one path, 3,524 OD pairs had two paths, and 103 OD pairs had three paths. After the 
path analysis was complete, another spreadsheet was created to pair the proper variables with 
each path so that the logit function could calculate the percentage of vehicles to be distributed. 
This process was done by an original Visual Basic program which assigned the Perceived Level of 
Service and Facility Class based upon the route, found and assigned the earlier calculated 




and assign the value based upon the origin and route.  After that, an original Visual Basic 
program computed the distribution of each path using the beta values for each parameter 
specified by the logit model from Akbarzadeh (2012) and outputted that into a path flow table 
which had origin and destination link as the defining factors. Another original Visual Basic 
program converted the origin links to the origin centroids and destination links to destination 
centroids as seen in the final path table. A small example of the relevant information from the 
path flow table is shown in Table 1. It shows the origin centroid, the destination centroid, the 
distribution of vehicles, the path number, and which route that path took.  
  Table 1. A selection of the first path flow table  
Origin ID Destination ID Distribution Path # Route ID 
8481 8922 100% 1 55 
8481 8999 78.2% 10 10 
8481 8999 21.8% 20 61 
8481 9001 78.1% 24 10 
8481 9001 21.9% 32 61 
8481 9032 70.2% 35 10 
8481 9032 9.9% 42 12 
8481 9032 19.9% 50 61 
8481 9089 81.4% 52 10 
8481 9089 18.6% 55 61 
 
 
3.5. Implementing the Path Flows  
Once the path flow and demand for each OD pair was generated, an OD path flow 
matrix for each route was created. Because of the fuzziness described earlier, an original Visual 




table was needed because some origins reported zero trips even though the OD demand tables 
had non-zero values. Plus, some paths reported multiple origin centroids, ex. Path 1 reported 
six origin centroids. These additional centroids were not represented in the first path flow table 
produced which assigned one origin per path. The complete list of origin centroids used by 
every path was extracted from the TransModeler log files from the run which generated the 
path table. The code assigned the route distributions which were associated originally only with 
the Origin ID in the standard path flow table to every Origin ID with the same path number. This 
process ensured that every origin which should load vehicles in the manual application of the 
model, did. The expanded path flow table had 15748 OD pair combinations with 7201 having 1 
choice, 4101 having 2 choices, and 115 having 3 choices. Unfortunately, it required a lot of 
manual review to guarantee that the expanded path flow table produced sensible results. 
 Following this, an original Visual Basic program sorted the expanded Path Flow Table by 
Origin ID, Destination ID, and Route ID in that order and copied the percentage of vehicles 
which took each route into an OD matrix. The figures 4a and 4b below show a portion of the 
Visual Basic code in (a) and the Excel workbook in (b).  
Using a linear interpolation method, Kolasani (2018) calculated the hourly proportion of 
demand for each OD matrix allowing for a more precise loading of the demand. The 
interpolation involved initially assuming that all of the demand loaded at the middle of the 6-
hour time window. A line was then calculated between the midpoints of the demand of the 
adjacent 6-hour intervals so that the demand was instead loaded in 1-hour intervals that 




by the total demand in the 6-hour interval to get the hourly percentage. This process was 
repeated for all 12 OD matrices.  
 
 




Figure 4b. The Excel Workbook connected with the code in 4a 
The expanded path flow tables were then saved as .bin files and attached to the associated 
path table and to the respective OD matrices during the simulations as seen in figure 5. 
Everything else proceeded as described below in section 3.6.  
  





3.6. Building an Alternative for Comparison 
To properly determine the strength of the route choice logit model, it was compared 
against a baseline shortest path algorithm from TransModeler creating a shortest path 
alternative. The same OD demand matrices were fed as inputs to TransModeler, minus the path 
flow tables. The simulation was run for the final 72 hours before the storm with sensors along 
the major routes to obtain the relevant vehicles counts. The 72 hours of simulated time 
corresponded to 3.5 hours of real time. This simulation processed much faster than the path set 
generation simulation because in this case the demand did not overload the network. 
TransModeler does not normally support simulations longer than 24 hours, so an additional 
macro had to be written to stitch the three 24-hour periods together by saving the end of each 
6-hour time period as an initial state to be loaded in the beginning of the next simulation. This 
macro also contained the hourly distribution values for each OD matrix. Because this method is 
dynamic, the network was altered from 12PM on August 27th to 12PM on August 28th to mimic 
contraflow by allowing vehicles to travel west on both the westbound and traditionally 
eastbound portions of I10. To accomplish this task, a copy of the network was created. All the 
relevant lanes were made reversible, lane connectors added in the new directions, lane 
connectors were deleted in the old directions, and the macro was updated to include 
commands to switch to the contraflow network and switch back at the appropriate times. Five 
shortest path simulations were run, and their results were averaged together to strengthen the 




3.7. Improving the Input  
An initial analysis of the output from the derived OD matrices, included in 4.1, showed the 
need for modifications to the OD matrices. The error was too large to make meaningful 
conclusions about which route choice method was better, so using the critical link analysis tool 
in TransModeler as seen in figure 6, the demand for each of the OD matrices along the major 
routes was adjusted in an iterative, trial-and-error process to match the observed results more 
closely. This process was undertaken to reduce external error as much as possible and ideally 
leave only the differences between the two models as a result.  
 
 






3.8. Developing the Real-World Baseline 
Observed vehicle counts were obtained from the LaDOTD for the 48 hours from Saturday at 
0:00 to Sunday at 23:59 using the traditional permanent detectors along 5 of the major 
evacuation routes, I10E in Slidell (Station 67), I10W in Laplace (Station 54), I55N in Hammond 
(Station 15), US61N in Laplace (Station 27), and US90 in Raceland (Station 88). These counts 
served to ground the predicted data. Hourly volumes were obtained for the model and shortest 
path alternatives by sensors at the locations in the network which corresponded to the real-life 
counts. In line with Dixit 2011, the counts from Station 18 on US 190 were not analyzed 
because they did not differ statistically from standard traffic patterns in that area. Figure 7 is a 
map below which displays their locations.  
 




4. Results and Analysis 
4.1. Results 
4.1.1. Results Prior to the Critical Link Analysis Tool 
 The hourly counts for the logit model, shortest path, and actual traffic counts are displayed in 
the tables and then graphed on the following pages.  
Table 2.  All Counts for I10 West in Laplace and I10 East in Slidell  
  I10W   I10E  
Time Model Shortest Path Observed Model Shortest Path Observed 
27-Aug 12AM 415 383 433 182 189 306 
27-Aug 01AM 569 526 323 299 296 202 
27-Aug 02AM 569 538 217 304 291 151 
27-Aug 03AM 549 519 235 322 302 149 
27-Aug 04AM 566 483 206 309 284 171 
27-Aug 05AM 596 521 350 281 285 208 
27-Aug 06AM 1402 1,756 502 543 684 230 
27-Aug 07AM 1951 1,596 693 736 959 338 
27-Aug 08AM 2024 1,847 950 766 1,112 559 
27-Aug 09AM 2127 2,020 1317 756 1,203 793 
27-Aug 10AM 2145 2,010 1838 843 1,248 1062 
27-Aug 11AM 2034 1,858 1816 784 1,164 1143 
27-Aug 12PM 1368 1,844 1743 556 843 1059 
27-Aug 01PM 635 758 1704 209 346 1271 
27-Aug 02PM 621 757 1630 189 320 1418 
27-Aug 03PM 615 697 1064 204 338 1112 
27-Aug 04PM 596 670 1446 238 355 1168 
27-Aug 05PM 610 636 2412 206 323 1526 
27-Aug 06PM 375 477 2174 175 299 1694 
27-Aug 07PM 121 294 1815 67 240 1200 
27-Aug 08PM 139 245 1939 87 238 612 
27-Aug 09PM 121 255 1901 90 243 532 
27-Aug 10PM 129 263 1805 70 240 438 
27-Aug 11PM 138 257 1795 73 245 434 
28-Aug 12AM 614 812 1761 256 514 222 
28-Aug 01AM 1018 1,107 1797 464 697 282 
28-Aug 02AM 1026 1,123 1778 434 746 197 
28-Aug 03AM 1004 1,146 1968 436 824 272 
28-Aug 04AM 1031 1,164 2349 463 835 485 
28-Aug 05AM 1053 1,145 2134 494 851 700 
28-Aug 06AM 1490 1,693 2525 803 1,044 1138 
28-Aug 07AM 1614 1,977 2637 1090 1,147 1409 





  I10W   I10E  
Time Model Shortest Path Observed Model Shortest Path Observed 
28-Aug 08AM 1739 1,858 2505 1188 1,163 1571 
28-Aug 09AM 1737 1,944 2493 1242 1,136 1943 
28-Aug 10AM 1777 1,943 2554 1298 1,150 1887 
28-Aug 11AM 1679 1,877 2442 1216 1,070 2134 
28-Aug 12PM 1559 1,488 2574 1024 920 2212 
28-Aug 01PM 1293 1,201 2504 621 932 2043 
28-Aug 02PM 1254 1,093 2353 609 847 1789 
28-Aug 03PM 1288 1,037 2477 626 731 1609 
28-Aug 04PM 1278 976 2210 612 627 2303 
28-Aug 05PM 1376 979 1432 646 567 3009 
28-Aug 06PM 1117 1,313 573 1272 1,003 2097 
28-Aug 07PM 1501 1,515 275 707 1,124 1901 
28-Aug 08PM 1550 1,372 163 873 972 682 
28-Aug 09PM 1707 1,303 119 1061 824 64 
28-Aug 10PM 1821 1,175 81 1010 738 28 
28-Aug 11PM 1550 1,161 54 779 711 8 
Total Counts 53497 53612 72066 27513 33320 47761 
 
Table 3. All Counts for I55 North in Hammond and US61 North in Laplace 
  I55   US61  
Time Model Shortest Path Observed Model Shortest Path Observed 
27-Aug 12AM 191 210 215 159 69 146 
27-Aug 01AM 448 456 146 162 56 102 
27-Aug 02AM 473 451 93 193 74 81 
27-Aug 03AM 429 464 86 182 70 57 
27-Aug 04AM 480 503 76 188 67 130 
27-Aug 05AM 486 478 129 211 174 127 
27-Aug 06AM 591 682 212 238 217 183 
27-Aug 07AM 676 1041 343 388 221 225 
27-Aug 08AM 650 1045 448 466 238 234 
27-Aug 09AM 686 1055 599 515 237 326 
27-Aug 10AM 667 1157 777 647 194 374 
27-Aug 11AM 687 1120 1077 697 713 571 
27-Aug 12PM 653 1033 1117 783 988 881 
27-Aug 01PM 201 334 1432 938 1,098 1342 
27-Aug 02PM 177 367 1553 911 1,154 1686 
27-Aug 03PM 164 347 2046 894 1,166 1785 
27-Aug 04PM 196 330 2007 998 1,116 1675 




  I55   US61  
Time Model Shortest Path Observed Model Shortest Path Observed 
27-Aug 08PM 83 253 848 205 262 1279 
27-Aug 09PM 86 244 815 210 257 583 
27-Aug 10PM 77 217 503 228 305 544 
27-Aug 11PM 69 239 344 221 189 513 
28-Aug 12AM 170 372 244 333 116 496 
28-Aug 01AM 617 887 326 330 109 511 
28-Aug 02AM 622 915 217 350 112 413 
28-Aug 03AM 617 989 277 331 103 567 
28-Aug 04AM 598 998 470 364 102 927 
28-Aug 05AM 613 1035 753 334 307 1344 
28-Aug 06AM 800 1110 1151 504 473 1731 
28-Aug 07AM 1197 1129 1637 575 467 1881 
28-Aug 08AM 1251 1141 2082 573 439 1804 
28-Aug 09AM 1340 1088 2433 573 441 1760 
28-Aug 10AM 1348 1133 2455 645 481 1695 
28-Aug 11AM 1311 1098 2430 595 664 1660 
28-Aug 12PM 1243 978 2474 486 744 1708 
28-Aug 01PM 552 771 2575 445 787 1696 
28-Aug 02PM 565 776 2610 414 782 1684 
28-Aug 03PM 551 678 2690 436 745 1680 
28-Aug 04PM 542 626 2428 419 757 1733 
28-Aug 05PM 527 641 2512 403 583 1540 
28-Aug 06PM 1082 1151 2412 704 488 816 
28-Aug 07PM 1786 1996 1714 783 479 52 
28-Aug 08PM 1609 1762 451 811 449 22 
28-Aug 09PM 1773 1506 210 854 397 17 
28-Aug 10PM 1875 1282 153 837 415 7 
28-Aug 11PM 1729 1290 99 805 429 6 
Total Counts 32937 38318 53217 23824 20913 43572 
 
Table 4. All Counts for US90 in Raceland  
  US90  
Time Model Shortest Path Observed 
27-Aug 12AM 121 121 116 
27-Aug 01AM 193 202 90 
27-Aug 02AM 195 224 73 
27-Aug 03AM 200 183 99 
27-Aug 04AM 198 214 110 
27-Aug 05AM 225 194 177 
27-Aug 06AM 348 444 224 
27-Aug 07AM 544 757 212 







Time Model Shortest Path Observed 
27-Aug 08AM 568 813 277 
27-Aug 09AM 575 832 339 
27-Aug 10AM 549 908 367 
27-Aug 11AM 557 850 380 
27-Aug 12PM 429 636 361 
27-Aug 01PM 176 256 418 
27-Aug 02PM 166 242 359 
27-Aug 03PM 164 214 326 
27-Aug 04PM 161 222 379 
27-Aug 05PM 167 235 343 
27-Aug 06PM 131 193 333 
27-Aug 07PM 58 100 239 
27-Aug 08PM 74 106 198 
27-Aug 09PM 62 100 189 
27-Aug 10PM 78 98 156 
27-Aug 11PM 75 97 104 
28-Aug 12AM 174 238 83 
28-Aug 01AM 302 454 90 
28-Aug 02AM 311 458 51 
28-Aug 03AM 318 436 65 
28-Aug 04AM 301 510 59 
28-Aug 05AM 328 466 92 
28-Aug 06AM 470 619 75 
28-Aug 07AM 660 770 114 
28-Aug 08AM 655 784 156 
28-Aug 09AM 734 817 134 
28-Aug 10AM 687 789 159 
28-Aug 11AM 671 747 114 
28-Aug 12PM 666 652 145 
28-Aug 01PM 453 459 120 
28-Aug 02PM 432 444 99 
28-Aug 03PM 441 390 82 
28-Aug 04PM 452 385 69 
28-Aug 05PM 447 355 94 
28-Aug 06PM 633 455 79 
28-Aug 07PM 764 775 64 
28-Aug 08PM 615 750 59 
28-Aug 09PM 600 676 48 
28-Aug 10PM 538 560 38 
28-Aug 11PM 531 539 22 
























































































































































































































































































































































































































































































Figure 9. Hourly Counts for the Route Choice Logit model, TransModeler Shortest Path, and LaDoTD Observed Counts at I10 East 































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 12. Hourly Counts for the Route Choice Logit model, TransModeler Shortest Path, and LaDoTD Observed Counts 






















































































































































































































































































































































































































































































Both simulated methods of distributing vehicles have similar shapes. Both have day and night 
cycles which aren’t as sharp as the observed, and both methods underestimated the total number of 
observed vehicles by at least 10,000 on the 4 highest volume routes.  The average difference between 
the cumulative totals of the two models was only 6085 vehicles whereas the average difference 
between the models and the observed was 24366 vehicles. There are several reasons that the demand 
was underestimated by about 100,000 vehicles in the 48-hour observation window. The population data 
set used was based on 2013 New Orleans which had not quite recovered to the 2005 New Orleans 
levels. Plus, each of the error from each of the upstream models propagated through multiplicatively to 
the end. The outlier to this is US90, the highway from New Orleans to Lafayette which was the only 
route overestimated. Interestingly, Dixit (2011) also overestimated the demand on US90 in a similar 
fashion suggesting that an additional factor is needed to better explain this lower volume route. 
4.1.2. Results after the Critical Link Analysis Tool  
The hourly counts for the logit model, shortest path, and actual traffic counts are displayed in the tables 
and then graphed on the following pages.  
 Table 5. Post CLA Counts for I10W in Laplace and I10E in Slidell 
  I10W   I10E  
Time Model Shortest Path Observed Model Shortest Path Observed 
27-Aug 12AM 271 236 433 136 137 306 
27-Aug 01AM 300 289 323 183 222 202 
27-Aug 02AM 298 259 217 188 174 151 
27-Aug 03AM 315 255 235 182 194 149 
27-Aug 04AM 262 268 206 168 193 171 
27-Aug 05AM 299 287 350 201 196 208 
27-Aug 06AM 814 939 502 384 453 230 
27-Aug 07AM 1106 1,419 693 577 607 338 
27-Aug 08AM 1122 1,385 950 641 669 559 
27-Aug 09AM 1266 1,495 1317 648 666 793 
27-Aug 10AM 1240 1,504 1838 676 737 1062 




  I10W   I10E  
Time Model Shortest Path Observed Model Shortest Path Observed 
 
27-Aug 11AM 1135 1,417 1816 657 695 1143 
27-Aug 12PM 1707 1,648 1743 1002 1,089 1059 
27-Aug 01PM 2307 2,149 1704 1639 1,732 1271 
27-Aug 02PM 2335 2,118 1630 1375 1,429 1418 
27-Aug 03PM 2315 2,097 1064 1217 1,201 1112 
27-Aug 04PM 2224 1,861 1446 973 932 1168 
27-Aug 05PM 2175 2,024 2412 905 875 1526 
27-Aug 06PM 2719 2,217 2174 832 763 1694 
27-Aug 07PM 2977 2,305 1815 787 741 1200 
27-Aug 08PM 2609 1,956 1939 735 745 612 
27-Aug 09PM 2113 1,706 1901 704 648 532 
27-Aug 10PM 2398 1,812 1805 650 606 438 
27-Aug 11PM 3095 2,444 1795 783 756 434 
28-Aug 12AM 3371 2,983 1761 788 650 222 
28-Aug 01AM 2580 2,555 1797 362 418 282 
28-Aug 02AM 2816 2,824 1778 351 329 197 
28-Aug 03AM 3036 2,997 1968 351 366 272 
28-Aug 04AM 3187 3,149 2349 364 363 485 
28-Aug 05AM 3164 3,198 2134 372 373 700 
28-Aug 06AM 3558 3,293 2525 903 1,044 1138 
28-Aug 07AM 3268 3,151 2637 1439 1,491 1409 
28-Aug 08AM 3251 3,222 2505 1563 1,595 1571 
28-Aug 09AM 3268 3,148 2493 1708 1,613 1943 
28-Aug 10AM 3177 3,227 2554 1742 1,603 1887 
28-Aug 11AM 3189 2,844 2442 1687 1,384 2134 
28-Aug 12PM 3386 3,430 2574 1864 1,812 2212 
28-Aug 01PM 2600 3,075 2504 1944 2,453 2043 
28-Aug 02PM 2431 2,836 2353 1898 2,251 1789 
28-Aug 03PM 2306 2,692 2477 1763 2,075 1609 
28-Aug 04PM 2007 2,696 2210 1768 1,929 2303 
28-Aug 05PM 1771 2,637 1432 2163 1,539 3009 
28-Aug 06PM 528 2,540 573 2021 1,037 2097 
28-Aug 07PM 183 1,055 275 561 815 1901 
28-Aug 08PM 147 45 163 483 581 682 
28-Aug 09PM 105 53 119 506 463 64 
28-Aug 10PM 102 40 81 521 404 28 
28-Aug 11PM 91 40 54 464 406 8 







Table 6. Post CLA Counts for I55 in Hammond and US61 in Laplace  
  I55   US61  
Time Model Shortest Path Observed Model Shortest Path Observed 
27-Aug 12AM 248 121 215 26 83 146 
27-Aug 01AM 249 122 146 90 110 102 
27-Aug 02AM 245 107 93 57 117 81 
27-Aug 03AM 249 112 86 35 106 57 
27-Aug 04AM 266 126 76 92 107 130 
27-Aug 05AM 265 110 129 101 120 127 
27-Aug 06AM 310 259 212 65 314 183 
27-Aug 07AM 612 545 343 199 376 225 
27-Aug 08AM 597 522 448 83 426 234 
27-Aug 09AM 622 575 599 144 466 326 
27-Aug 10AM 634 592 777 33 440 374 
27-Aug 11AM 634 543 1077 303 411 571 
27-Aug 12PM 881 889 1117 467 592 881 
27-Aug 01PM 1961 1730 1432 593 807 1342 
27-Aug 02PM 1671 1691 1553 1192 1,488 1686 
27-Aug 03PM 1401 1627 2046 1537 1,521 1785 
27-Aug 04PM 1252 1508 2007 1432 1,475 1675 
27-Aug 05PM 1230 1180 1357 1358 1,593 1743 
27-Aug 06PM 1119 1097 1161 1180 1,424 1670 
27-Aug 07PM 808 945 1030 1292 1,439 1565 
27-Aug 08PM 83 253 848 1158 1,056 1279 
27-Aug 09PM 86 244 815 768 490 583 
27-Aug 10PM 77 217 503 631 361 544 
27-Aug 11PM 69 239 344 578 509 513 
28-Aug 12AM 170 372 244 483 674 496 
28-Aug 01AM 617 887 326 465 687 511 
28-Aug 02AM 727 846 217 542 826 413 
28-Aug 03AM 696 753 277 646 939 567 
28-Aug 04AM 629 688 470 1031 1,000 927 
28-Aug 05AM 709 859 753 1413 1,156 1344 
28-Aug 06AM 821 999 1151 1589 1,508 1731 
28-Aug 07AM 725 368 1637 1330 1,453 1881 
28-Aug 08AM 434 361 2082 1435 1,371 1804 
28-Aug 09AM 445 407 2433 1244 1,271 1760 
28-Aug 10AM 441 381 2455 1348 1,318 1695 
28-Aug 11AM 467 412 2430 1619 1,385 1660 
28-Aug 12PM 766 823 2474 1484 1,494 1708 
28-Aug 01PM 1664 1794 2575 1798 1,437 1696 
28-Aug 02PM 1809 1742 2610 1785 1,526 1684 
28-Aug 03PM 1841 1803 2690 1781 1,321 1680 
28-Aug 04PM 1934 1770 2428 1837 1,278 1733 





  I55   US61  
Time Model Shortest Path Observed Model Shortest Path Observed 
28-Aug 05PM 2006 1524 2512 1633 1,222 1540 
28-Aug 06PM 2007 1818 2412 1167 492 816 
28-Aug 07PM 1825 1903 1714 567 212 52 
28-Aug 08PM 1881 1981 451 261 122 22 
28-Aug 09PM 1807 2056 210 165 75 17 
28-Aug 10PM 1729 2036 153 87 56 7 
28-Aug 11PM 2000 1910 99 57 13 6 
Total Counts 47825 47159 53217 39182 36346 43572 
 
Table 7. Post CLA counts for US90 in Raceland  
  US90  
Time Model Shortest Path Observed 
27-Aug 12AM 63 74 116 
27-Aug 01AM 126 123 90 
27-Aug 02AM 122 99 73 
27-Aug 03AM 129 104 99 
27-Aug 04AM 106 119 110 
27-Aug 05AM 128 112 177 
27-Aug 06AM 165 169 224 
27-Aug 07AM 279 261 212 
27-Aug 08AM 262 355 277 
27-Aug 09AM 311 348 339 
27-Aug 10AM 296 369 367 
27-Aug 11AM 365 348 380 
27-Aug 12PM 355 311 361 
27-Aug 01PM 320 299 418 
27-Aug 02PM 362 305 359 
27-Aug 03PM 316 309 326 
27-Aug 04PM 331 360 379 
27-Aug 05PM 316 287 343 
27-Aug 06PM 256 221 333 
27-Aug 07PM 152 110 239 
27-Aug 08PM 141 110 198 
27-Aug 09PM 120 109 189 
27-Aug 10PM 121 96 156 
27-Aug 11PM 119 100 104 
28-Aug 12AM 117 113 83 
28-Aug 01AM 82 72 90 
28-Aug 02AM 99 67 51 







Time Model Shortest Path Observed 
28-Aug 04AM 114 81 59 
28-Aug 05AM 112 84 92 
28-Aug 06AM 126 90 75 
28-Aug 07AM 127 102 114 
28-Aug 08AM 123 109 156 
28-Aug 09AM 147 99 134 
28-Aug 10AM 123 105 159 
28-Aug 11AM 121 110 114 
28-Aug 12PM 202 122 145 
28-Aug 01PM 137 117 120 
28-Aug 02PM 129 97 99 
28-Aug 03PM 98 87 82 
28-Aug 04PM 111 94 69 
28-Aug 05PM 126 97 94 
28-Aug 06PM 79 126 79 
28-Aug 07PM 49 44 64 
28-Aug 08PM 36 29 59 
28-Aug 09PM 34 40 48 
28-Aug 10PM 25 29 38 
28-Aug 11PM 29 35 22 


























































































































































































































































































































































































































































































Figure 14. Hourly Counts for the Route Choice Logit model, TransModeler Shortest Path, and LaDoTD Observed Counts at I10 East 































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 17. Hourly Counts for the Route Choice Logit model, TransModeler Shortest Path, and LaDoTD Observed Counts 





















































































































































































































































































































































































































































































Both simulated methods of distributing vehicles matched the observed much closer this 
time. The peaks and troughs are better reproduced, and other than I10W, both methods were 
only off on the total number of vehicles by less than 7000 on the other 4 routes.  The average 
difference between the cumulative totals of the two models was only 1070 vehicles whereas 
the average difference between the models and the observed was 7104 vehicles. The outlier of 
US90 was able to be fixed.   
 
4.2. Analysis 
4.2.1. Analysis on Data Prior to Critical Link Analysis Tool 
   A standard Chi-Square distribution test was performed for the hourly counts on each 
route from the logit model versus the observed, the shortest path versus the observed, and 
then the logit model versus the shortest path to see if they were significantly different. With 47 
degrees of freedom, the Chi-Square value to reject the hypothesis with 95% confidence that the 
two data sets are the same is 64. Each calculated value is at least in the thousands, and for the 
model versus observed and shortest path versus observed the four highest volume routes are 
above one hundred thousand. The model versus shortest path are between one and two orders 
of magnitude closer for four highest volume rights than either versus the observed. This 
difference in difference is expected as all the upstream model errors are cancelled out leaving 
only the actual distinction between the two. Table 8 below has all the Chi Square values for the 






Table 8. Chi Square values for all comparisons between counts  
 Model vs Obs Short Path vs Obs Model vs Short Path 
I10W 158,446 84,501 2,266 
I10E 101,516 55,269 5,679 
I55 148,478 78,292 6,228 
US61 68,226 67,273 4,636 
US90 11,879 12,662 1,743 
 
While Chi Square tests confirms that the model and shortest path are different, an eye test of 
the counts plotted does not do much to help spot these differences.  Figures 16-21 have plots 
of the Chi Square Error by the data point 
 



















10W Sources of Error





Figure 19. Sources of Chi Square Error by Data Point for I10E preCLA 
 




















10E Sources of Error




















I55N Sources of Error




Figure 21. Sources of Chi Square Error by Data Point for US61N preCLA 
 

























US61N Sources of Error























US90 Sources of Error




The above figures show that the Chi Square error is not evenly distributed amongst the data 
points for the four high volume routes. A small number of points dominate the contributed 
error with each route failing specifically bad around the 20th point. This consistent error spike 
suggests an error in generating demand more than an error in distributing it. Repeating this 
process with the improved OD tables should help alleviate that problem. Interestingly, US90 
has the lowest error across the board. This result is due to the lower volume on US90 meaning 
that the quadratic difference between points is smaller leading to a seemingly, but not actually, 
better result.  
4.2.2. Analysis on Data After Critical Link Analysis Tool 
As expected, the errors shrank tremendously compared to the previous set of values. The 
repeated tunings have dropped the comparison statistic between the methods and the 
observed roughly an order of magnitude. However, the comparisons between the methods 
themselves did not improve.  
 Model vs Obs Short Path vs Obs Model vs Short Path 
I10W  7,721   8,685   14,226  
I10E  9,203   9,987   1,304  
I55  7,722   5,237   5,936  
US61  8,947   4,282  9,946  
US90  550   748   279  
 
Table 9. Chi Square values for all comparisons between counts  
 
The shortest path and model are different according to a cumulative Chi-Square, but again 
the plots of Chi Square error versus data point in figure 22-26 shows that the errors are not 




concentrated in around point 42. This outcome is due to TransModeler having difficulty clearing 
the vehicles from the network as fast as the cleared in real life leading to spillback queues. The 
quadratic nature of Chi-Square means the small values observed in real life contrast very 
strongly with the slower dropping values from the software. US90 retains the title of most 
accurate route.  
Ultimately the shortest path method has a much lower Chi Square value for 3/5 
comparisons in the pre-CLA tool data set, but those differences disappear once the trip 
numbers are adjusted. Neither method significantly outperforms each other therefore the logit 
model is as good as the shortest path.   
 























I10W Sources of Error 




Figure 24. Sources of Chi Square Error by Data Point for I10E post CLA 
 






















I10E Sources of Error
























I55N Sources of Error




Figure 26. Sources of Chi Square Error by Data Point for US61N post CLA 
 

























US61N Sources of Error























US90W Sources of Error




The plot charts reveal about the concentration of error, but do not elucidate which method is 
better. The two methods have the same distribution of error across the 48 points. The outlier is 
US61 which did not have the shortest path versus observed spike however that is likely do to 
the model value lagging slightly behind the other two creating an abnormally large gap which 
Chi Square highlighted.  
Unfortunately, the network geometry evacuating from New Orleans limits the opportunity 
for meaningful route choice. Many destinations other than Baton Rouge are essentially a 
captured choice. Trips to Baton Rouge could take either US61 or I10W, but I55N is the only 
route for which data was obtained headed north, and I10E is the only route for which data was 
obtained headed east.   
 Another possibly reason that the two methods were not meaningfully distinct is that 
Gudishala 2010 showed only about 10% of travelers reported experiencing events which would 
cause them to make future decisions based around information captured in the route choice 
model. If these travelers took the more informed route, that would not cause enough 







In terms of the objectives of this research, the relevant network attributes were gathered 
and organized so that the logit model could be applied to a large set of paths. When the 
estimated demand was fed into the application of the model, vehicle counts were calculated on 
the routes and compared to a shortest path simulation. However, a winner could not be 
declared. After removing as much of the error from external sources as possible, the route 
dependent logit model performed roughly as well as the simple shortest path calculated by the 
software. Unfortunately, opportunities for the two methods to really separate themselves were 
limited. Because these two are so close, to determine which a better predictor of how people 
choose their evacuation route, the input data that generated the route choice model would 
have to be improved, but the difficulty of obtaining new data makes that task very difficult. 
While a blessing in every other aspect, only having two hurricanes in the past 20 years for 
which research of this type could be conducted limits the ability to update previous work. 
Should another large storm force an evacuation in south Louisiana, the next round of standard 
data plus new forms such as cell phone and GPS data could dramatically cut down on previously 
untouchable sources of error.  
 As of this writing, the HEMP team has not yet incorporated the path flow tables into the 
package, but that work is ongoing. Once the path flow table is operational, additional 
simulations will be much easier to organize and process so that should the quality of the 





 Based upon the process and conclusion of this work, future lines of research could 
investigate impact of contraflow on evacuation route choice because from the time contraflow 
began being set up until the time that all facilities were returned to normal operation, travelers 
had their options limited because many turns were prohibited meaning that to an important 
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